Abstract-Perception of quality and affect are subjective, driven by a complex interplay between system and human factors. Is it, however, possible to model these factors to predict subjective perception? To pursue this question, broader collaboration is needed to sample all aspects of personality, culture, and other human factors. Thus, an appropriate dataset is needed to integrate such efforts. Here, the CP-QAE-I is proposed. This is a video dataset containing 144 video sequences based on 12 short movie clips. These vary by: frame rate; frame dimension; bit-rate; and affect. An evaluation by 76 participants drawn from the United Kingdom, Singapore, India, and China suggests adequate distinction between the video sequences in terms of perceived quality as well as positive and negative affect. Nationality also emerged as a significant predictor, supporting the rationale for further study. By sharing the dataset, this paper aims to promote work modeling human factors in multimedia perception.
I. INTRODUCTION
Multimedia is an active means of communication that relies on viewers' perception and an interactive process of information assimilation. For this reason, the perception of multimedia content is fundamentally subjective. Even objective multimedia system parameters (e.g. frame rate, frame dimension, bit-rate, etc.) are subjectively perceived by viewers because of their individual expectations and the degree of deviation they are willing to tolerate. This means that individual differences in human factors could moderate the impact of any particular system parameter [1] . If these human factors could be accurately modeled, then key aspects of multimedia content and delivery could be adapted to an individual in order to maximize levels of enjoyment. An application area where this would be useful could be mobile content streaming because delivery resources are often limited and mobile devices tend to be used by individuals (e.g., [2] ). However, to construct such a model, the way in which human factors influence multimedia perception must be explored.
Human factors are complex because each individual is unique. Nevertheless, we each possess individual traits which vary in systematic ways and these differences can be explored. Consider personality, a series of "internal properties" that relate to overt behaviors [3] . Though there are many different theories which examine the predictive utility of personality, the Five Factor Model (FFM) [4] is one of the most parsimonious models. This consists of: openness to experience, conscientiousness, extroversion, agreeableness and neuroticism. Any of these dimensions could be mapped to perception of quality or affective experience. For example, individuals with high neuroticism might be more sensitive to multimedia content that evokes negative emotions.
Beyond personal traits, there are also traits which are associated with the culture an individual is from. These cultural traits represent "the collective programming of the mind distinguishing the members of one [nation] or category of people from others" which subsequently leads to a "broad tendency [for members of a group] to prefer certain states of affairs over others" [5] . This is because perception and cognition are informed through information that individuals sample from their local environment, which itself is shaped through shared conceptions and collective norms. Among theories of culture is Hofstede's Six Factor Model (HM) [5] which includes: power distance; individualism; uncertainty avoidance; masculinity; pragmatism; and indulgence. Again, these dimensions could interact with perception of quality or affective experience. For example, individuals with high indulgence may potentially be more sensitive to multimedia content that evokes positive emotions.
Following this line of reasoning, a model based on personal and cultural traits could be constructed to predict subjective perception. However, due to the complex nature of personality and culture, this would likely need numerous, globally distributed studies. This raises concerns about external validity: how do researchers ensure that their findings generalize to a broad population? To illustrate this concern, psychological researchers warn against oversampling from Western, Educated, Industrial, Rich, and Democratic (WEIRD) populations because they differ from their counterparts in important ways, including visual perception and spatial reasoning [6] . Examples of similar biases associated with user research can include: lack of prototypical cases; clustering effects; confounding factors; and value range restriction [7] . As such, it is important to facilitate broader collaboration through cross-cultural analyses and replications in different contexts. Such work can then be compared and combined (i.e., through meta-analyses) to form more generalizable findings.
As a first step, this paper proposes and evaluates the characteristics of a new video dataset to use as a standard benchmark: the CP-QAE-I. By sharing this video dataset, it is hoped that more nations become involved in this research.
II. RELATED WORK
There has been much related work in the areas of perception of quality (e.g. [8] , [9] , [1] ) and the experience of affect in multimedia (e.g. [10] , [11] ). Three key factors have been shown to influence these dependent variables, namely: human factors, the characteristics of the individual; system factors, the characteristics of the media, device and network used; and contextual factors, additional characteristics such as time, task, and local conditions [12] .
It can be seen that empirical work in this area focuses on system factors with limited consideration for human factors. For example, there are studies which examine the influence of: (a) device characteristics [13] ; (b) manipulating content, bit rate, frame rate and audio quality [2] (c) adaptation parameters such as playback time and switch amplitude in video streaming context [14] , [15] ; and (d) quality of service arbitration [16] , [17] . However, even those that do take human factors into consideration and explore human-computer interaction typically only include basic demographic variables such as gender, age group and level of expertise [18] , [19] . These may be insufficient to generalize the findings to a broader population because of the possibility of idiosyncratic rater effects [20] .
Such rater effects may include emotional, physical and mental constitution because they each play a crucial role in early sensory processing [21] . Additionally, previous experiences, socio-cultural expectations, goals, and values could influence evaluations of content by shaping what an individual considers to be 'good' or 'bad' quality. For example, there has been work which shows that personality influences media content preferences [22] . However, while there is work which explore these influences (e.g., [9] , [23] , [24] , [25] , [26] ), many studies are based on subjective tests applied to samples drawn from specific populations. Consequently, it is important to determine if there is variation across different populations to permit broader generalizations. This underscores the importance of sharing datasets so such verification can be attempted.
III. THE CP-QAE-I
The CP-QAE-I (The Culture and Personality in Quality of Affect and Experience Dataset Version I) is a video dataset containing 144 video sequences in MP4 format. There is 1 nominal parameter: content. This is based on 12 short 'movie clips' which have been purposively selected to uniformly cover a wide range of affective categories from popular movies [27] . Movie clips of different valence, and which had least variation in ratings on arousal (by [27] ), were taken for this study to minimize any content-based biases. The content parameter also varies in further important ways including the cinematographic techniques and the technologies that were used during the original production of the movies. Additionally, there are 3 ordinal parameters: bit-rate (384kb/s and 768kb/s); frame dimension (480p and 720p); and frame rate (5fps, 15fps and 25fps). Thus, in the dataset, there are 12 quality conditions (resulting from the 3*2*2 settings of frame-rate, resolution and bit-rate variables) and 12 emotion conditions (resulting from 2*6 primary emotions [27] ), thus resulting in a set of 144 'video sequences' (12*12) . Each video sequence has a length between 1 and 3 minutes.
IV. EVALUATION METHODOLOGY

A. Procedure
The video sequences were hosted on web server locally at each institution involved in the evaluation. Participants were asked to access an on-line questionnaire from the corresponding local network on which the web server was hosted (to avoid latency issues). They were informed that they would see several emotional video sequences and they would have to report their perceived quality and affect scores to the videos by filling out questionnaires after watching the clips. Consent and complete anonymity were assured at each stage.
Participants began by reporting demographic information. Then they were shown 14 video sequences: 2 training clips (one at the beginning of the survey and another during the middle as a reminder); and the 12 clips under assessment. The training clips showed participants what is considered 'high' quality. Each clip represents a different emotion condition so all participants were exposed to all emotion conditions. The order of these conditions was randomized, however these were drawn from two different sets of conditions (each randomly selected to be used before or after the middle training video) to ensure that two clips targeting the same emotion could not be shown consecutively. Additionally, participants were randomly allocated quality parameters for each individual video in the sequence (except for the training videos). The participants used 23 wide-screen monitors and a resolution of 1920x1080.
Participants were instructed to report what they had felt (in terms of quality, affect and enjoyment) and not what response they believed the content should induce in the viewers. They were also told that their assessment should be based on what they felt at the specific time watching the video, and not their general mood. As reported by Fredrickson and Kahneman [28] , this procedure of retrospective evaluation of feeling when conducted according to instructions given by Philippot [29] is a good predictor of the actual state felt during the stimulation, and is particularly representative of the peak state felt by the end of the simulation.
B. Measures 1) Perceived Quality:
To assess subjective perception of quality, the QoP-LoQ scale [30] was used. This consists of a single 5-point Likert-type item where participants indicate how they judged the quality of the video sequence. A score of 1 indicates "no" satisifcation while that of 5 indicates "absolute" satisfaction.
2) Positive and Negative Affect:
To assess the affective response, the Differential Emotions Scale [31] was used. This includes 16 sets of of emotional adjectives. Each set was linked to a 5-point Likert-type item so participants could indicate the extent they felt the corresponding emotion. Aggregate scores for positive affect (i.e., joy, warth, love, calm, etc.) and negative affect (i.e., anger, fear, anxiety, sadness, etc.) were computed by a summation of the respective items.
C. Participants
A power analysis was conducted in G*Power 3 to calculate the required sample size based on the use of the F -statistic and repeated measures. Using conventional error probabilities (α = .05, β = 0.2) and assuming medium effects (f = 0.39) with correlation (r = 0.8), a minimum size of 64 was suggested. The participants were 76 university students drawn from the computing departments of the authors' institutions. These were 41 British, 12 Chinese, 14 Indian, and 11 Singaporean students; all natives. The proportion of female participants was 25.6% and the mean age was 23 years (σ = 3.74).
V. RESULTS & DISCUSSION
Analyses were conducted in PASW 18.0.3 for Windows. To determine whether sufficient distinctiveness between the video sequences could be found in the dataset, three fixed-effect multilevel linear regression models were defined (i.e., one for each dependent variable) [32] . A diagonal residual covariance matrix was used to account for repeated measures. The parameters in each model were estimated together using the restricted maximum-likelihood method. No data were missing, however unbalanced cells should be noted as a limitation. Prior to the analysis, data were standardized into z-scores (a value of 0 represents the population mean and each unit represents a standard deviation). This has been done to facilitate comparisons in terms of within-variable variation. Table I shows the three regression models with each predicting a different dependent variable. These dependent variables are: perceived quality; positive affect; and negative affect. Several independent variables are within-subject parameters. These are: movie clip; frame rate; frame dimension; and bit-rate. The independent variable nationality has also been included, but as a between-subject parameter. Also shown are the (numerator and denominator) degrees of freedom (df ), the F -statistic, and their associated p-value. These are used to determine whether there is sufficient evidence to conclude whether a parameter is different from zero (i.e., the null hypothesis is rejected). This is known as statistical significance and is determined at the conventional level (p < .05) using two-tailed tests.
A. Perceived Quality
The first group in Table I shows the analysis with perceived quality as the dependent variable. This reveals that most of the parameters are significant. It should be noted that in addition to the system parameters, the movie clip itself is a significant parameter. This illustrates that the nature of content influences the perception of its quality. Figures 1 and 4 show the relative extent of this in terms of mean z-value differences between each movie clip and system parameter setting, respectively.
It is also interesting to note that content which evokes strong positive affects (e.g., FOREST GUMP) tended to be perceived as higher quality (r = .252, p < .000). Parameter interactions are also present. Thus, the mean perceived quality of clips with "higher" settings are sometimes lower than expected (see C-I in Table II -25fps, 720p, 768kbps score is lower than that at 5 fps, 480p and 384 kbps). This supports prior findings about complexity in quality of perception assessment [1] . It would be interesting to see if this property varies across cultures and personalities.
B. Positive Affect
The second group in Table I shows the results of the regression analysis with positive affect as dependent variable. As anticipated, the movie clip was significant. Some system predictors such as {Frame Rate * Frame Dimension} also approached significance (p = .06). It should be noted, however, that Figure 2 shows positive affect was not uniform across the movie clips with two clips (FOREST GUMP and DEAD POETS SOCIETY 2) having very high positive affect compared to the other movie clips. Figure 5 shows that the ranges of the mean z-values are small (less than 1 standard deviation) while the confidence intervals overlap. This suggests that 'higher' parameter settings do not necessarily lead to participants experiencing more positive affects.
C. Negative Affect
The third and final group in Table I shows the results of the regression analysis with negative affect as dependent variable. As expected, the movie clip is significant and predicts the most variance. This is shown more clearly in Figure 3 where the mean z-values vary across each movie clip without skew. No system parameter was a significant predictor. This can be seen in Figure 6 which, although shows large confidence intervals, illustrates that 'lower' parameter settings do not necessarily lead to stronger negative affect (i.e., frustration with low quality).
D. Nationality
The analyses in Table I show that nationality is consistently statistically significant in each of the three models, suggesting cultural influence. This supports the rationale for further research using the dataset. Table IV reveals differences in mean z-values between the nations. These differences can be seen clearly for perceived quality and negative affect, with the difference in positive affect being smaller in comparison. .00000 -.50000 -1.00000 Fig. 3 . Relative mean levels of negative affext that participants rated each video sequence.
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VI. CONCLUSION
This paper presents the CP-QAE-I, a video dataset containing 144 video sequences based on 12 short movie clips. An analysis of its characteristics shows that the video sequences it contains are distinct and vary considerably in terms of perceived quality as well as positive and negative affect. Of particular note is the finding that the nationality is a significant predictor of ratings for all three dependent variables, suggesting that national culture may interact with the way in which participants rate video sequences. As such, use of the dataset to explore the influence of human factors such as personality and culture on perceived quality and the experience of affect is encouraged. This will support broader research into the interactions between human and system factors. In addition, the results can then be integrated to help (re-)discover generalizable findings about human psychology from the perspective of multimedia perception, while also supporting the development of novel personalized multimedia content delivery systems. 
